Crowd modeling and simulation is an active research field that has drawn increasing attention from industry, academia and government recently. In this paper, we present a generic data-driven approach to generate crowd behaviors that can match the video data. The proposed approach is a bi-layer model to simulate crowd behaviors in pedestrian traffic in terms of exclusion statistics, parallel dynamics and social psychology. The bottom layer models the microscopic collision avoidance behaviors, while the top one focuses on the macroscopic pedestrian behaviors. To validate its effectiveness, the approach is applied to generate collective behaviors and re-create scenarios in the Informatics Forum, the main building of the School of Informatics at the University of Edinburgh. The simulation results demonstrate that the proposed approach is able to generate desirable crowd behaviors and offer promising prediction performance. key words: agent-based modeling, crowd simulation, data-driven approach, pedestrian behaviors
Introduction
The crowd behaviors in the real life vary significantly depending on time, place, the composition of people, the level of stress and other social and psychological factors. These variations in crowd behaviors can be characterized by observable features such as the crowd distribution, the fluidity of formation, interpersonal space, the style of interpersonal interactions, the uniformity of distribution, etc.
The most common approach to crowd modeling and simulation is based on agent-based models. Each individual agent perceives information (nearby environments and other agents) and independently decides its actions based on a set of behavior rules with several tunable parameters. Finding correct parameter settings and behavior rules to make the simulation match the behaviors observed is a fundamental issue in agent-based crowd modeling. Benefit from the significant increase in computing power, the agent-based crowd modeling has been developing rapidly over the past decade, with a range of successful works in computer graphics applications [1] - [6] .
A big advantage of agent-based models is that the integration of appropriate individual rule-based actions can exhibit enormous complex and subtle collective behaviors. However, it is difficult to derive the agent behavior rules because the environment and surrounding agents may affect the selected agents' behaviors. Moreover, tuning the parameter is also a time-consuming process. These make it difficult to produce a desired style of crowd behaviors using agent-based model. To address the issues above, various data-driven approaches have been proposed in the past few years. Some approaches aim to learn examples (mostly in terms of stateaction pairs) from video data which is then used to update the movement in particular situations instead of using behavior rules [7] - [12] , while others try to calibrate the model parameters through automatic methods, so that the simulated behaviors can match the video data [13] - [17] . Existing works have shown the potential of data-driven approaches in crowd modeling, but they mainly focus on microscopic spatial crowd behaviors or motion update among existing examples. In many practical scenarios, e.g., in a school hall, the crowd behaviors contain many macroscopic motion patterns, such as path navigation, as well as the microscopic ones. Meanwhile, the crowd behaviors can be more complicated than the existing ones from the video data. In these scenarios, considering only microscopic spatial features or motion update from existing examples may not be sufficient to generate reasonable crowd behaviors.
To generate the macroscopic collective behaviors as well as the microscopic ones, we propose a novel datadriven crowd modeling approach in this paper. The proposed approach is an agent-based model with a bi-layer mechanism to simulate crowd behaviors in pedestrian traffic in terms of exclusion statistics, parallel dynamics and social psychology. The bottom layer focuses on the microscopic collision avoidance behaviors, while the top layer models the macroscopic pedestrian behaviors such as goal selection and path navigation. By considering not only the existing examples and the distribution of velocity but also the effect of environment, pedestrian personality and sociality, the proposed approach provides a general and flexible framework to model complex crowd behaviors in pedestrian traffic. The proposed data-driven approach is applied to the Edinburgh Informatics Forum Pedestrian Database which demonstrates that our method can generate satisfactory simulation results.
Related Work
Crowd modeling and simulation has gained significant interCopyright c 2017 The Institute of Electronics, Information and Communication Engineers ests in industry, academia and government. Since the introduction of the rule-based agent model in the seminal work of Reynolds [17] , various agent models have been employed in commercial products such as MASSIVE [18] and AI. Implant [19] besides the ones explored in research community. These agent models can be generally classified into two groups. The first group aims to create a smarter agent that can decide its actions based on psychological and cognitive reasoning [20] - [24] , [41] , and have pathfinding capability facilitated by path planning method [25] - [29] . Meanwhile, the second group aims to make the environment smarter by embedding a series of control instructions into environment objects so that an agent can be provided with control strategies appropriate to its location and situation in the welldefined environment [30] , [31] , [42] , [43] . We adopt this approach to allow users to construct macroscopic pedestrian behaviors flexibly by arranging a set of learned behavior patterns in the environment. To ensure the rationality of the pattern setting, we introduce a data-driven approach so that the simulated crowd behaviors can match the video data.
The most common class of existing data-driven approaches focuses on deriving trajectory patterns, typically, defined by examples, and uses these patterns to drive agents' movement. The example-based data-driven approaches extract the examples from videos in advance, and keep choosing the driven examples for agents during the simulation process. While the way to define and determine the driven examples differs as the research motivation varies. Some approaches use state-action pairs to control the microscopic motion of agents. Each state-action pair determines the future velocity for agents under particular situations. For example, Lee et al. [8] proposed a hierarchical model to generate group behaviors. They learned state-action pairs from video to control the low-level motions of agents. Musse et al. [11] proposed a crowd modeling approach to simulate human behaviors in normal life. Their work focused on extracting trajectories to learn the desired velocities of agents in different regions. Lerner et al. [9] proposed a datadriven crowd modeling method in which each example is a short trajectory segment. During the simulation, an agent will query a similar example to extend its trajectory when the trajectory segment of the agent is exhausted or there is a significant change in the current situation. Zhao et al. [12] proposed a data-driven crowd modeling approach. In which, an Artificial Neural Network (ANN) is trained to classify the examples into several groups. An agent is classified into one of the groups according to its input state perceived, and a suitable example is selected from the group to update its velocity.
The other class of the existing works focuses on designing automatic methods to calibrate model parameters [32] , [33] , [39] . Optimization algorithm such as the Gradientbased Newton method and the Genetic Algorithm are used to calibrate parameters of SFM [2] and the reciprocal velocity obstacles model [33] . For example, Yamaguchi et al. [32] designed an automatic method to estimate the setting of personal and social factors in their behavior model with machine learning techniques.
In our work, by combining the methods of the two classes above, different from the existing approaches that mainly focus on matching microscopic behavior features, our proposed approach can also match multiple macroscopic features and provide a flexible way to model the complicated crowd behaviors in practice.
In the computer vision community, there has been an increasing amount of work on learning global motion patterns of crowd behaviors from video data [34] - [37] . However, most of these works focus on detecting collective motion patterns such as flow field from video data and not been integrated with the agent-based crowd models. Some excellent works, for example, Zhong et al. [16] , [40] proposed a data-driven framework integrated with RVO2 to model macroscopic crowd behaviors in the New York Grand Central Terminal, which have some disadvantage of alike motion patterns for different agents and do not give a discussion on the rationality of processed data. The research on integrating multi-agents crowd modeling techniques with computer vision techniques for automatic crowd behaviors modeling is still in its initial stage, this paper goes a step further.
Data-Driven Crowd Modeling
This paper focuses on simulating crowd movements in a well-defined area with multiple entry regions and exit regions. A pedestrian enters the area via an entry region (which, meanwhile, may be the exit region of others) and leaves the area via an exit regions (which may be others' entry region). Such a scenario is very common in public places such as school halls. In such a scenario, the behaviors of pedestrians are mainly dependent on four factors: 1) where pedestrians enter the area, 2) where pedestrians leave the area, 3) how pedestrians navigate from entries to exits, 4) how pedestrians avoid collisions with other pedestrians and obstacles. In this paper, a bi-layer data-driven approach is proposed to model the behaviors of pedestrians in such a scenario. As shown in Fig. 1 , the top layer adopts two components to model the first three factors, while the bottom layer models the last factor.
Scene Entry and Goal Selection
The scene entry and goal selection component describes how new pedestrians enter the simulated area and make their goal selection. Each entry region (or exit region) can be ap- Fig. 1 Structure of the bi-layer approach proximately represented by a rectangle area. The pedestrians who share the same entry and exit region have the same or similar behavior features as they share the consistent goal in the similar situation. Specifically, we consider that the data extracted from videos are trajectories, each of which is represented by a series of vectors:
where s i = (x i , y i , t i ) represents the position (x i , y i ) of the i-th point of the trajectory at time t i , and n represents the total number of points belonging to the trajectory. To get the distribution and motion features of the pedestrians, we cluster these trajectories into different groups(C 1 , C 2 , C 3 , . . .) according to their start and end points of their trajectories respectively. Then the start position and the goal selection for a new agent can be set properly based on the calculated probability graph. The probability of a pedestrian moving from the i-th entry region to the j-th exit region is labeled as q i, j . In this way, the start setting and goal selection can be represented by the following matrix:
where m is the number of entry regions and n is the number of exit regions. Considering the data deficiency, especially that of the information on entrances and exits in some complex scenarios, our approach redefines the entry and exit regions based on the FCM clustering reuslts rather than marking manually.
Path Navigation
This section proposes a generic method to model the path navigation of pedestrians. In this paper, a pedestrian is regarded as an agent whose motion is mainly affected by the environment, other visual agents and itself. The velocity field is introduced to control the moving directions of pedestrians. The underlying structure is a two-dimensional grid. Each cell can either be empty or occupied by exactly one agent. The size of a cell is 24.7 × 24.7mm
2 . The update is done in parallel for all agents every frame. In the deterministic limit, a single agent (not interacting with others) moves with a velocity of the result based on its previous velocity and the velocity field as well as some random mechanism. This gives a real time estimate corresponding to video data in our model.
Basic Rules
Each agent is given a direction of preference, a matrix which consists of the probabilities for a move of the pedestrian. The central element describes the probability for the agent not to move at all, and the remaining ones correspond to the moves to the neighboring cells. The size of the matrix and the probabilities can be related to the velocity field and the previous velocity of the agent. A 3 × 3 preference matrix is shown as follows:
where a minus sign represents left or down movement, while a plus sign represents right or up movement. For example, p −1,1 represents the probability of one cell movement in the direction upper left.
In the simplest case, a pedestrian moves in one direction only without fluctuations, when the matrix of preference continues same and only one element is 1 and all the others are 0 in the corresponding matrixes. This method can be easily extended by fixing the direction of preference for each cell separately and each agent uses the matrix belonging to the cell it occupies at a given step.
In each update step, a desired move is chosen according to these probabilities for each agent. This is done in parallel for all agents. If the target cell is occupied, the agent does not move. If it is not occupied and no other agent targets the same cell, the motion is executed. If more than one agent share the same target cell, the solution will be given in the collision avoidance section.
Preference Matrix
A pedestrian, having no interaction with others, moves one cell every time, to some degree, can simulate some pedestrian behaviors. Yet in the real life, the velocity of a pedestrian is not a constant but a variable consistent with some distribution laws. Therefore, the velocity field is introduced to get the velocity for an agent to move with. In order to model the motion features, we build a smart velocity field for each cluster instead of using a big one for all the clusters. In mathematical terms, the velocity for an agent of the cluster in the current cell, for example, (x 0 , y 0 ), to move with at time t 0 is then given by the acceleration equation:
where v represents the average velocity of the agents in the current cell which can be directly gotten from the velocity field, while v 0 is the current motion velocity of the target agent given by the following acceleration equation:
where s 0 and s represent the current position of the target agent and the previous one respectively, and δt represents the period from s to s 0 . As the size of the preference matrix is determined by the motion velocity, it can be easily figured out when the agent velocity is given as shown by the following equation:
The matrix of preference, for example, is a 7 × 7 one while an agent moves with a velocity of 2.5 cells in a timescale. Considering the discrete character of the motion distance, the preference matrix can be given as follows: 
where d is given by: d) ) subjects to the following conditions:
As the description above, if an agent moves with a velocity of 3, the transition probability, for example from its current position to the right 2 and up 3, can be got directly from the preference matrix, and p 2,3 is what we exactly want. To decide the goal cell for the next motion step among the potential ones, considering the randomness, we introduce the method of roulette. Each part of the roulette represents a potential cell and its size varies directly as the transition probability of the responding cell. The method to get the transition probability will be discussed in the following section.
Transition Probability
This section gives more details on navigation and how to get effective preference matrixes to simulate agent motion effectively. The transition probability of a cell is introduced as an intermediate variable in the process, which represents the probability of an agent moving from current cell (target cell) to another. The transition probabilities of a cell are various among different clusters as well as inside each motion clusters. In each motion, each cell has its own transition probability and changes as the target changes. In our research scenario, the motion of a pedestrian is mainly based on 3 factors: 1) environment structure, 2) the motions of other pedestrians around, 3) personal goal exit region. In this paper, we use static transition probability (p s ), dynamic influence factor (μ 1 ) and self-organized influence factor (μ 2 ) to represent the above factors respectively. Then the transition probability of a cell can be expressed simply as the formula underlying:
where p t represents the transition probability of a cell, corresponding to a p i, j in the preference matrix.
(1) Static Transition Probability Environment has great effect on pedestrian behaviors, especially on pedestrian navigation. In the real life, a pedestrian makes a series of decisions to adapt to the surroundings, for instance, to avoid walls and obstacles. This factor has been noticed and modeled in some related works, yet the manual setting is not convincing enough in theory. To solve the above problem, the proposed method models the environment in statistical way according to the video data. It is obvious that the more pedestrians there are, the more attractive the region is. Therefore the time of a cell being occupied can reflect its attractiveness. Then the static transition probability of the cell (x i , y i ) in the cluster C i is given by the following equation:
where n is the times of cell (x i , y i ) being occupied in the cluster C i , while N is the total times of all the cells being occupied in the same cluster.
In each update step, the static transition probability for each cell is also updated since the new simulating data is introduced. It can be easily proved that the static transition probability is convergent according to the progression theory if the data scale is large enough.
(2) Dynamic Influence Factor
The motion of a pedestrian is also affected a lot by other pedestrians. For instance, a pedestrian usually follows others in front subconsciously, a kind of herd mentality, which is a common but important feature that cannot be ignored in the real life crowd behaviors. In the proposed approach, the dynamic influence factor is introduced to depict this feature.
The dynamic influence factor is defined to represent the spatial effect of other pedestrians on the target agent. We describe this effect by probability increment exp[−β 1 x/(r−r 0 )] according to the definition of natural constant exp[lim n→∞ (1+1/n) n ], where r is the distance from the cell to the target, while the constant r 0 is the minimum collision avoiding distance, if r is smaller than r 0 , the collision avoidance mechanism will be introduced. β 1 represents the rate of probability every unit distance, and x represents the number of agents in the cell. It can be either 0 or 1 because a cell is either empty or occupied by only one agent. If the cell is empty, there is no probability increment. In summary, we have
The self-organized influence factor is introduced to describe the inertia feature of a pedestrian that the movement of an agent maintains the original state of its motion. It is defined to represent the transition probability increment of a cell which is the result of the deviation of the motion direction. Similar to the dynamic influence factor, the selforganized influence factor is given:
where β 2 is a parameter that represents the rate of the probability every unit angle, while θ 0 is a correction constant and θ is the deviation angle of the motion direction that is given by:
where v is the current motion velocity, while γ is the vector from the current position to the target position.
Collision Avoidance
In this paper, the RVO2, which was proposed by Guy et al. in 2008, is adopted, owing to its highly effectiveness in generating realistic collision avoidance behaviors [33] , [38] . In the RVO2, for each agent, the observed velocities of other agents are taken into account to select an optimal velocity. Each neighboring obstacle is assigned with an optimal reciprocal collision avoidance line which is used to determine the feasible velocity space to ensure no collision occurs between agent and obstacle in a given time period. Then the optimal collision-avoidance velocity is obtained using linear programming.
Simulation Studies
To test the effectiveness of the proposed data-driven modeling approach, this section applies the approach to the Edinburgh Informatics Forum to simulate the crowd behaviors. The Edinburgh Informatics Forum Pedestrian Database is used to model training and validation. The images have a resolution of 640 × 480, where each pixel (horizontally and vertically) corresponds to 24.7mm on the ground and the frame rate is 9 f ps. Figure 2 shows a frame of the video with labels. The figure shows that the main entry/exit points (marked) are at the bottom left (front door), top left (cafe), top center (stairs), top right (elevator and night exit) and bottom right (labs).
There are more than 92, 000 observed trajectories extracted from the video. In this paper, 50, 000 effective processed trajectories are used. The first half trajectories are used for training, and the rest trajectories are used for validation.
The trajectories have been transformed from the " Pixel   Fig. 2 A frame of the video coordinate system" to the "World coordinate system". Figure 3 plots the transformed pedestrian positions of 50 random original trajectories selected uniformly among the whole trajectories. As shown in the figure, the circular areas marked from Area1 to Area4 correspond to the interesting areas, ie the cafe, the elevator, the front door and labs in the scenario respectively, while the 3 double arrows demonstrate the 6 main tendencies of the movement between any two interesting areas. As a conclusion, the data of the transformed trajectories can reflect the pedestrian motion features in the scenario and are reliable.
Simulation Settings and Results
Firstly, to get the probability graph, we cluster all the trajectories into different groups based on their starting and ending coordinate positions as mentioned in Sect. 3.1, using fuzzy c-means algorithm (FCM). In order to make sure the accuracy of the result, we preprocess the trajectory data by deleting the unavailable information and filling in the incomplete trajectories. Secondly, we learn the velocity field of each group based on the result of FCM clustering. Finally, we learn the distribution of starting positions and the preferred speed of pedestrians for the simulation according to the above two results. Figure 4 shows the procedures to learn the distribution of starting positions and the preferred speed of pedestrians. In the model training process, the value of the parameter C in FCM is set as 60, which leads to a desired clustering result consistent with the simulated scene. We choose the four entry/exit regions that can be observed obviously in the Fig. 3 as the simulation targets. Table 1 shows the motion probabilities between the entry/exit regions corresponding to the above four areas, where the first column describes the entry regions and the first row describes the exit regions. The last row describes the sum of the probability values in each column. It can be observed that Area1 and Area3 are more likely to be chosen as the goal, which is consistent with the fact that pedestrians enter/quit the simulated scenario from the front door (Area3) and the motion preference observed in Fig. 3 . Figure 5 shows the velocity field of group from Area3 to Area1, and the arrows in the figure show the general motion directions of the areas marked by different colors. The   Fig. 3 An example of the transformed trajectories color bar shows the exact motion directions corresponding to these colors. The position of zero scale represents the direction up, while the positions of the plus 6 and minus 6 scales represent the directions le f t and right respectively. The angle of deflection increases 30 degrees every scale from up to le f t or right. Figure 6 shows the distribution of the simulation result of the pedestrian motion from Area3 to the other three areas based on the 10, 000 simulated trajectories. It shows the distribution of the simulated pedestrians and the motion areas. The various colors represent the different number of pedestrians corresponding to those in the color bar. It can be observed that the simulation result is generally consistent with the fact. The mean moving speed is 1.34m/s, and the interval of the moving speed is from 1.00m/s to 1.60m/s, where θ 0 = π/12, r 0 = 7, β 1 = 2.00, β 2 = 0.60. Figure 7 shows another simulation result with a smaller β 2 = 0.55. From the two figures, we can see that the simulated trajectories are more spatial aggregated as the value of β 2 increases.
Experiment

Model Validation
We validate the constructed model by comparing the densities distributions of the crowds in the simulation and the video data. We omit the first half trajectories which are used for training, and use the rest trajectories to calculate the densities of the crowds in the video data.
We compare the proposed approach in the paper named as Data-driven Agent-based Model, DAM with other two models. The first model of DAM/G is the same as DAM except that the agents in DAM/G randomly choose entry and exit regions rather than using the probability graph. The second model of DAM/N is the same as DAM except the navigation pattern in Sect. 3.2, a RVO2 model with goal selection. Figure 8 shows the density distribution of the pedestrians of the video data and those generated by the four models.
Compared with the ground truth and the results of the other two models, the result of DAM looks more similar to that of the video data. There are three significant features in the density distribution of the video data. The first feature are the density values in the rectangle area at the bottom center and those in the central triangle area, which are very small. The second feature are the density values of the four entry/exit regions, among which the values of the Area1 and Area3 are much higher than those of the two others. The third feature are the density values of the corridors between Area1 and Area3, which are highest among all. In the experimental results of DAM/G fails to contain a part of the second feature and the third one, and DAM/N (RVO2 with goal selection) fails to contain all the three features. How- Fig. 8 Crowd density distribution of the video and the three models ever, the result of the proposed DAM in this paper contains all the three features.
Considering a model of DAM/C, which is same as DAM except the collision avoidance component, agents will stop when there are possible collisions for the lack of collision avoidance mechanism. For instance, an agent will stop when other agents come into its collision obstacle area, which is defined by the minimum collision avoidance distance r 0 (both of the two agents will stop when the distance between them is shorter than the minimum collision avoidance distance r 0 ). Then these static agents transform into new obstacles and the collision obstacle areas grow as the new obstacles are percepted by other agents. In this way, the simulation will stop soon as the first collision obstacle area comes into being, especially in the key areas, such as the entry and exit regions, as shown in Fig. 9 .
Furthermore, we validate the proposed approach by comparing the velocity distributions of the crowds in the simulation and the video data, as showed in Fig. 10. Figure 10 (a) shows the distribution of the velocity from the video data and the effective interval, while Fig. 10 (b) shows the statistical connection between the values of velocity and the corresponding numbers. The marked (red) line in (a) represents the effective interval of the velocity, while that in (b) is the fitting line of the statistical data. We can make a conclusion that the data of velocity from video accord with the power law and the distribution of the velocity is accuracy. In Fig. 10 (c) , the histogram shows the effective interval of the velocity while the curve shows the distribution of the simulated velocity. It can be observed that the distribution of the velocity from video data and that of the simulated velocity are essentially same, which can demonstrate that the simulation result is correct.
Finally, we investigate the prediction and path regeneration performance of the proposed DAM approach in this paper. We randomly choose 30 trajectories from Area1 to Area3 for prediction path regeneration analysis. For each trajectory, its goal and part of points are assumed to be known in advance. Based on the goal and the known points, the DAM determines the future velocity. During the simula- Fig. 11 Examples of prediction results of DAM and con-velocity tion, each trajectory is associated with one agent and all the trajectories of the other background agents are set the same as the video data, while the motion of the chosen agent is determined by the DAM except the known points. We compare the performance of the proposed DAM with the constant velocity method (Con-Velocity). Figure 10 shows two examples of the prediction results and it can be observed that the results of DAM are much better.
Discussion and Conclusion
The primary advantage of our approache is the capability of reproducing the realistic pedestrian behaviors that match the video data effectively in simulated environment. The proposed approach was originally developed as a generic agent-based model, yet it is still one for the particular situation at the present stage. Its generality for various situation will be tested and verified in the future work.
This paper has proposed a generic data-driven modeling approach DAM to generate realistic crowd behaviors that can effectively match the video data. Our approach simulates the crowd behaviors in pedestrian traffic by considering both macroscopic and microscopic motion patterns in terms of exclusion statistics, parallel dynamics and social psychology. Experiments were carried out to simulate the crowd behaviors in the Edinburgh Informatics Forum Pedestrian Database by using our proposed approach. The simulation results have shown that our proposed approach is efficient to generate the desired crowd behaviors and can offer promising prediction performance.
The proposed approach can calculate parameters and construct the simulation model by learning crowd behaviors from video data. Once a well-fit model of a well-fined scenario is constructed, it can be used to simulate the crowd behaviors under different initial conditions. As the proposed approach considers several components for modeling pedestrian behaviors, it could be flexible in some specific scenarios by changing or adding some model components. The study on the crowd behaviors caused by environment changing by adding environment controlling pattern is a promising future work. In addition, applying the approach to practical application such as congestion prevention is another interesting research direction.
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